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1. INTRODUCTION

Technology is rapidly changing the way we live. This is not something new, nor is it
about to stop anytime in the near future. In recent years, the catch phrase has been
social media in its various manifestations; Facebook, Twitter, Instagram, etc. Now,
the sharing economy has caught on and snatched its fair share of the headlines as
well. Powerhouses such as Uber and Airbnb, who are currently valued at $41 billion
and $13 billion, respectively, (Ramadan et al. 2014; Macmillan et al. 2014) are the
darling daughters of this phenomenon, where people can “turn their fallow assets into

cash machines...enabled by efficient online platforms,” (Alden 2014).

These are just a few examples among thousands through which technology impacts
our daily lives. Ground transportation, specifically taxi and car services, is one of the
most recent industries to be caught up in this whirlwind of technological change. To
clarify, when I discuss ground transportation here, I am not referring to the on
demand Uber/Lyft/Hailo manifestations, but a transformation of the way we think

about traditional licensed car services.

Logistics has become quite sophisticated to the point where we click one button on
Amazon and our camera, book, dress, etc. will arrive at our front door in a matter of
days. Logistics is already quite advanced, however, leaders in the field have started to
advocate for a new wave of logistics known as a physical internet that will further
eliminate vast amounts of inefficient and unsustainable practices (Montreuil 2011). If
our logistics systems for moving goods are already this sophisticated, then why are

the methods of moving people still so far behind?

The transportation of people at the click of a button — while maintaining choice and
variety — is the goal and this is just starting to emerge. When you go on a trip to
Berlin, odds are you know where to search for flights and hotels (Kayak, Expedia,
Booking.com and Hotels.com as some of the industry’s leading examples), but where
do you find your taxi from the airport to your hotel? Ground transportation is still a
fragmented industry, but this is rapidly changing. There are many companies working
to eliminate this fragmentation —
just to name a few, but so far, only one actor,

, has been able to partner with



leaders in the travel industry (_) to deliver this one-click travel

option for a full door-to-door experience (ground transportation, flights and hotels
booked together). Additionally, with Dublin based ||| | j JJEEEE (2 company
specializing in car rental) purchase of - in April 2015 (Raeste 2015, Cord
2015), the opportunities for - to deliver ground transportation offerings to a
wider audience have soared, specifically through _ existing relationships

with over 80 airlines around the globe.

- is a technology and service provider who works with local taxi companies
(suppliers) around the world to deliver a unified and uniform service. In this way, the
fragmented ground transportation market is disappearing. Any user from anywhere in
the world can go to the || lif website and pre-book a taxi in Moscow to pick them
up at the airport and bring them to their hotel. There are no concerns about local
currency or language, as the ride has already been paid for ahead of time, including
tips, and the driver has already been delivered the passenger’s destination

information.

The ground transportation industry is changing quickly and I have been offered the
unique opportunity to perform a geographic analysis on a portion of this emerging
data. Many new companies like - have lots of data that lays fallow and is not
analyzed in any systematic way. My goal is to illustrate the power of spatialized data
and show how these techniques can help companies make informed decisions for

growth and success.

In this thesis, I spatialize booked and searched ride data in three of _most
popular destinations. After spatializing the data, I employ various GIS methods to

answer the following questions:

Based on booked and searched ride results, how can pricing be optimized to
encourage continued positive patterns of booked rides? What are the
similarities/differences between booked and searched ride clustering patterns?
What actions should be performed to convert more searched rides into booked
rides?

My hypothesis is that each city has hotspots that customers are interested in booking
but current pricing inhibits these bookings from being made.



2. THEORY & BACKGROUND

2.1 Hotspot Analysis

2.1.1 Definition

In the literature, leading scholars in the field have more or less agreed on a common
understanding of what a hotspot is. Harries defines a hotspot as, “a condition indicating
some form of clustering in a spatial distribution,” (Harries 1999: 112). Spencer
Chainey, the Director of Geographical Information Science at University College
London defines a hotspot as “a geographic area of higher than average crime [read
phenomenon] or disorder,” (Chainey 2012) This same definition has also been adopted
by the U.S. Department of Justice (Eck et al. 2005) in their authoritative report on

mapping crime.

Wing and Tynon (2006) have additionally indicated three criteria for an area to be
considered a hotspot. They write “Others have defined hotspots more specifically but
three hotspot criteria generally are acknowledged: frequency, geography and time,

(Wing and Tynon 2006).

2.1.2 Hotspot-related Concepts
Hotspot analysis and clustering are closely linked terms and are often used

interchangeably within the literature. Grubesic (2010) explains, “Broadly defined,
‘clustering’ refers to a group of people or things relatively close to each other in
geographic space”. Eckley & Curtin 2013 indicate that “a spatial cluster...is a
geographic point pattern that demonstrates an excess number of events relative to the
expected number of events.” Furthermore, as seen in Harries’ definition and with other

scholars, the term ‘clustering’ is used to define what a hotspot is.

For clarity purposes, within this thesis, ‘hotspot’ is the preferred and most often used

term to describe the defined higher than average geographic areas.

2.1.3 Applications
Location analysis is a broad topic with applications in a wide variety of disciplines

reflecting the multidisciplinary nature of geography and GIS in particular (Blaschke &
Merschdorf 2014, Hall et al. 2015, Kasimov et al. 2013). In addition to being used in a

variety of disciplines, applications of location analysis can be found globally.



Van Haaren and Fthenakis (2011) use location analysis to determine the optimal
location for a new wind farm in the state of New York. Similarly, GIS is used to
evaluate the best site for a new ski resort in the Rocky Mountains of the western United
States (Silberman & Rees 2010). Eckert and Shetty (2011) examine accessibility to
grocery stores in Toledo, Ohio and determine the best location for a new retail site to be
opened. Cheng et al. (2007) determine the best location for constructing a super

shopping mall in Hong Kong.

With respect to hotspot analysis, it is most common to see the technique employed by
police departments and law enforcement to learn more about current and prevent
emerging crime patterns. Though hotspot analysis is quite prevalent within
criminology, it is not solely limited to this field as the discussion below illustrates. As

with location analysis, applications of hotspot analysis can be found around the world.

It is quite common to find applications of hotspot analysis within criminology. The
methods within the criminology perspective are quite advanced and have been studied
by a large group of scholars. Chainey et al. (2008) look at four crime types (burglary,
street crime, theft from vehicles and theft of vehicles) in the north of London and
evaluate the best method to predict future crime based on current hotspot analysis
techniques. Crime hotspots in national forests in Oregon and Washington State are
systematically identified by Wing and Tynon (2006) and T. Balogun et al (2014)
identify robbery, rape, burglary, cultism and other crime hotspots in Benin City,

Nigeria.

In marine biology, researchers have used hotspot analysis to determine key populations
of loggerhead sea turtles in the Mediterranean Sea for conservation purposes (Cambie
et al. 2012). Scientists in Texas have also used hotspot analysis to research anthrax in
white-tailed deer to evaluate the role that hematophagous flies play as vectors for the

disease (Blackburn et al. 2014).

Applications of hotspot analysis are also commonly found in public health and

epidemiological research. Examples can be found in the studies conducted by Curtis et



al. (2014) on West Nile Virus in Houston, Texas and Tobin et al. (2012) on sex

exchange among drug users in Baltimore, Maryland.

2.1.4 Methodology: performing hotspot mapping and cluster analysis
As Vuori explains in her thesis on mapping accessibility in the Peruvian Amazon,

accessibility can be measured using multiple methods, and choosing the correct one
largely depends on the data and type of analysis the researcher wishes to carry out
(Vuori 2009). Hotspot analysis is quite similar to accessibility in this respect, with a
variety of options to choose from. Within the hotspot analysis context, Grubesic et al.
(2014) write, “For many analysts and researchers, difficulties emerge when trying to
determine the appropriate technique for a specific problem or context.” Marine
biologists studying hotspots also reflect this sentiment. Scholars in the field have stated,
“Although various spatial analysis techniques for determining hotspots have been
developed in recent years...establishing the appropriate methods...still remains a
challenge,” (Cambie et al. 2012). Selecting the best type of hotspot analysis to perform

requires an intimate knowledge of the data and aspects to be studied.

2.1.5 Numerical location analysis measures
Within the literature it is common to see one of the following numerical or statistical

analysis measures employed alongside one of the GIS-based analysis measures listed
below. Pairing statistical and GIS techniques helps to strengthen the research results.
Some of the most common statistical analysis measures found within the literature

include

Monte Carlo methods
GI*

Local Moran’s I

2.1.6 GIS-based location analysis measures
There is an array of possible GIS methods that can be employed in hotspot analysis.

While the list below is not comprehensive, some of the most frequently used methods

have been identified.

Four of the most common GIS hotspot analysis techniques include spatial ellipses,

thematic mapping of geographic boundary areas also known as chloropleth mapping,



grid thematic mapping and kernel density estimation (KDE). A fifth method of point
data visual analysis has almost completely disappeared with sophisticated GIS software
becoming widely available (Chainey et al. 2008 and T. Balogun et al. 2014). Wing and
Tynon (2006) expand upon this latter topic when they explain, “point maps....are

limited because multiple events may be mapped on top of one another.”

In their analysis on the effectiveness of hotspot mapping Chainey et al. (2008)
conclude, “KDE is better at predicting future spatial patterns of crime in comparison to
the other most common hotspot mapping techniques.” In their paper on West Nile
Virus mosquitoes in Houston, Curtis et al. (2014) also conclude that using kernel

density estimation is “an adequate approach”.
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As previously mentioned, [Jij is 2 technology and service provider that works
with local taxi companies (suppliers) around the world to deliver a unified and
uniform service. Regular taxi, executive car and minibus rides can be pre-booked
around the globe with clear, transparent pricing available to the consumer in a number

of currencies.

When a customer books a ride with - it is immediately delivered to the
supplier for review. The supplier sees all of the booking details and if they are able to
perform the transfer they accept the booking. After the booking has been accepted,
the customer receives immediate confirmation that their ride has been successfully

reserved.

2.2.1 Topics of Analysis
In this thesis, two categories of data will be analyzed; including booked rides and

searched rides. Booked rides can be further broken down into cancelled, declined, no-
show and failed rides. Each of these terms is discussed in further detail below with

examples to make the categorizations clear.

2.2.2 Booked Rides
Throughout this thesis, when the term booked ride is used, this refers to a ride that has

been purchased. This means that a passenger, travel agent, personal assistant etc. has
booked a ride directly on the _ website or through one of _
various booking channels. The majority of booked rides are completed meaning that
the transfer has been performed as agreed (e.g. Taxi picks up customer on time at

Point A and delivers them to Point B).

However it is important to note that the category booked ride includes cancelled,
declined, no-show and failed rides. Additionally, test bookings, which are performed
when a new supplier is about to be launched in the service, have been removed from

the booked ride data.

A cancelled ride has been booked, however the customer has canceled it at least two
hours before the scheduled pick-up. Plans change and people may alter their vacation

plans or decide not to attend a conference anymore. In these cases, the customer is



Declined bookings are those that the customer books; however the supplier is unable
to perform the job. A majority of rides in this category are declined because the
supplier is already at full capacity during the scheduled pick-up time. As expected, the

customer is not charged for these transfers.

A no-show is when a customer does not show up for their ride. Any cancellations
made less than two hours away from the pick-up time are treated as no-shows.
Additionally, if the passenger cannot be found nor do they respond to |||l
Customer Service phone calls, the driver will be released after the included waiting
time has expired and the ride will be treated as a no-show. As the supplier has

performed the job as agreed, the customer is charged in full.

Failed rides are those that have not been carried out according to the contract agreed
between [JJij and the supplier. Most frequently, a ride is a failure because the
driver has shown up to a pick-up more than 10 minutes late or has not shown up at all.
A transfer is also sometimes considered a failure if the wrong vehicle type has been
dispatched, if the conduct of the driver was extremely unprofessional or unsafe or if

the vehicle was in severely poor condition.

Finally, test bookings are those made by the |JJij Supply Team before the
supplier is officially launched in the - service. Test bookings are performed so
the supplier becomes more familiar with all of the |JJllj communications and
processes before they are to receive real bookings from - customers. These
have been excluded from the analysis because they do not reflect actual customer

booking patterns.

This thesis analyzes all booked rides that have been made in London, Paris, and St.
Petersburg since the launch of - service in - The sum of booked rides for
all three cities is - and individually there have been - booked rides in
London, - booked rides in Paris and - booked rides in St. Petersburg.



2.2.3 Searched Rides
The main difference between a booked ride and a searched ride is that a searched ride

has not been booked. Searched rides are just that — they are rides that have been
searched and an offer has been made. This means that a customer has gone directly to
I o: onc of [ partner sites and has gotten a quote for the price
of a ride from Point A to Point B. For some reason, they have decided not to book the
ride. The user may have been deterred by the price, they may be shopping around,

might want to see what car types ||l offers, etc.

In this thesis, searched rides are included because I want to examine the fundamental
geographic differences between booked rides and purchased rides. My objective is to
analyze if there are differences between the two categories. If there are differences, |
will try to determine what is causing these differences with the aim of reducing price

on potentially high demand transfers in an effort to increase sales.

This thesis analyzes all searched rides that have been made in London, Paris and St.
Petersburg since the launch of [J il service in il The sum of searched rides
for all three cities is [Jj and individually there have been [JJjjjjjjjj searched rides in
London, [ searched rides in Paris and [ searched rides in St. Petersburg
(Table 1).

Booked Rides Searched Rides

London
Paris

St. Petersburg
TOTAL

Table 1. A comprehensive view of booked rides and searched rides for the three cities
included in the case study.




3.STUDY AREA
I scivice is available around the globe. As of November 2015, the service is

offered in 285 destinations throughout 66 countries on 6 continents (Riley 2015) and
increases almost weekly (Kiseleva 2015; Kiseleva 2015; Riley 2015; Riley 2015).

With such frequent updates in the supply network and by nature of the sheer volume
of destinations, the scope of this thesis simply does not allow for a thorough analysis

of each and every destination.

In this section, we examine the selection criteria for the three cities in the case study,
explore the city extents determined by the available data and briefly explore a profile

of each city to understand its specific background and context on a global scale.

3.1 Selection Criteria: London, Paris & St. Petersburg
To contain the work within the capacity of a master’s thesis, a three-city case study

format was selected. Three case studies allow for a sufficient amount of variety but at
the same time does not overwhelm the scope and subject of the work. Based on the
three factors of importance, sample size and variation within the supply base, London,

Paris and St. Petersburg were selected as the case study cities (Figure 3).

These three cities were first chosen because of their popularity within the |||l
network. In terms of booked ride volumes, these three destinations are consistently
among the top 10 within the [JJfj network in both the short term (quarters 3-4,
2014, Figure 1) and long term (two years; 2013-2014, Figure 2). As the aims of this
study are to optimize pricing and improve user experience, it makes sense to perform
this analysis on top destinations where the results and recommendations will have the
largest potential impact on future sales and growth.

10



Figure 1. Top 10 booked destinations from _ (Niemi

2015).

Figure 2. Top 10 booked destinations from _

(Niemi 2015).
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Figure 3. Study area showing the location of the three case study cities (London, Paris
and St. Petersburg) within Europe.
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Additionally, these three cities were chosen because of their relatively strong sample
size within the available data. Using cities at the top of the list allows for a more
robust, healthy and diverse set of data. Indeed, 100s of rides have taken place in each
city and having a larger sample size will help to flesh out actual booking trends that
are taking place within each city. Performing this analysis on cities with a smaller
sample size may not show all booking trends or the trends present may, for example,

be heavily influenced and swayed by the actions of one client.

Furthermore, the geographic spread of the cities chosen displays a decidedly
European centric as opposed to global booking distribution pattern. This is largely a
legacy of |} initial business focus, which sought to serve major destinations
in Europe (Cutler 2013; Fox 2013). While [JJJll] offerings have since significantly
expanded well beyond the initial European base (Holmgren 2014, Hansson 2014) the
actual booking sales have not yet adjusted to reflect this global distribution. The
available data supports an analysis of European destinations as opposed to top global

cities.

Finally, London, Paris and St. Petersburg were chosen because of their variations
within the supply base. As of March 2015, the majority of ||l cities were
covered by the services of one supplier. However, in some cities, the coverage comes
from a larger network of suppliers deemed necessary for successful price, quality and
coverage competition. The three cities in this study represent the full range of supplier
activity within the - network. St. Petersburg has primarily had one supplier,
the Parisian supply base is just starting to expand and we have had more suppliers in
London than any other city in our network. For a summary of suppliers in each city
that this analysis is based on, see Table 2. Having the analysis performed on these
selected cities makes the data more representative of the - network as a

whole.

13
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Table 2. A list of suppliers from the representative cities of this case study and their

dates of operation.
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3.2 City Extents
The city extent is determined by the actual data available for each of the three study

cities. Any searched or booked ride associated with suppliers from these three cities
have been included. Below, the maximum extent for each city has been identified
(Figures 4, 5 & 6). The maps include both the start and end points for both searched
and booked rides.

Of all three cities, the extent of the London data was the largest. The core is clearly
around the city of London itself, but it extends as far north as Aberdeen and touches
upon many areas of Great Britain in all cardinal directions. Determining the specific
city area for London was more complex than both Paris and St. Petersburg. In the
latter two cities, there are specific suppliers servicing the city and it is quite easy to
pull that data for analysis. However, in London, one of the suppliers, -, serves the
entire country and picking out the appropriate data to be included for analysis
required more robust selection criteria. The selection criteria will be highlighted in

further detail in the Materials and Methods section below.

Compared to London, the data extents of Paris and St. Petersburg were much more
compact and did not stray far away from the central city core. This can partially be
explained as a function of the operational areas of the existing suppliers. This means
that the data points can only go so far as the outer extent of the operational areas of
the suppliers. Even if the customer would like to book beyond the operational area of
the supplier, this would not show up in the data because it was not possible to make

the customer an offer.

15



London Data Extent
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Figure 4. The full extent of the London data including both start and end points for both
booked and searched rides.
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Paris Data Extent
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Figure 5. The full extent of the Paris data including both start and end points for both

booked and searched rides.
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St. Petersburg Data Extent

Finland

-

Russian Federation

Legend

O  St. Petersburg
Start/End Points

I TN T Kilometers . ; .
(c) OpensStreetMap and contributors, Creative Commons-Share Alike
012525 50 75 100 License (CC-BY-SA)

Figure 6. The full extent of the St. Petersburg data including both start and end points
for both booked and searched rides.
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3.3 City Profiles
3.3.1 London
London is the capital of the United Kingdom and is widely considered one of the top

cities in the world by scholars and research institutes alike (Hales et al. 2014, Florida
2015, Derudder & Taylor 2012). In A.T. Kearney’s 2014 report, London was ranked
number two in the world based on factors such as business activity, human capital,
information exchange, cultural experience and political engagement. According to the
same report, London’s absolute strength lies in its cultural experiences in the form of
visual and performing arts, sporting events and international travelers (Hales et al.

2014).

Based on Florida’s study, London was ranked the second most economically powerful
city in the world (Florida 2015). Additionally, according to the GaWC (Global and
World Cities) Research Network, London is one of only two cities in the entire world to

receive an “Alpha ++” distinction (Derudder & Taylor 2012).

In 2013, the number of overseas visitors to London was highest since 1961, with a total
of 16.8 million visits (Office for National Statistics 2014). In the beginning of 2015, the
Greater London Authority reported a population of 8.6 million people with a population
density of 5,491 people per square kilometer (Smith 2015).

3.3.2 Paris
Paris is the capital of France and is also widely considered as one of the top cities in the

world. In A.T. Kearney’s 2014 report, Paris was ranked number three in the world with
its absolute strength coming from a high degree of information exchange particularly in
the form of access to television news (Hales et al. 2014). Based on Florida’s study,
Paris was ranked as the fifth most economically powerful city in the world (Florida
2015). Also, in the GaWC Index, Paris was ranked one level below London and was
considered an “Alpha +” city in 2012 (Derudder & Taylor 2012).

In 2013, the number of overseas visitors going to Paris was 15.5 million.

According to the yearly report published by the Paris Convention and Visitors Bureau,
the current population of Paris is 2.2 million with a population density of 21,428 people

per square kilometer (Paris Convention and Visitors Bureau 2013).

19



3.3.3 St. Petersburg
Contrary to the robust global positioning of both London and Paris, St. Petersburg does

not even find itself in the 2014 A.T. Kearney report or other reputable global rankings
(Florida 2015). St. Petersburg did however make its way into the GaWC Index, but only
as third level city with “Gamma +” ranking (Derudder & Taylor 2012).

St. Petersburg has the second largest population of any Russian city with an estimated

4.8 million people in 2011 (Central Intelligence Agency 2011).
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4. MATERIALS AND METHODS
4.1 Materials

4.1.1 Ride Data
All of the analyses performed in this thesis depend upon two core data sets, both of

which were provided in-house by _ Data Analyst, Juha Lehto.

The first data set includes all booked rides since the launch of ||l operations
in _ and continues up to the end of _ when the analysis was
performed. Automatic updates have been set up for the booked ride data and the file is

updated once every 24 hours to the - internal server. A copy of the booked

ride data was accessed from the [ server at the end of || N

The second data set includes all searched ride data since the launch of ||| | | |
operations in _ and continues up to the end of _ when the
analysis was performed. Lehto especially prepared this latter data set for the purpose
of this master’s thesis according to the specifications requested. The searched ride
data file is particularly large, so it was helpful that the data could be narrowed down

by city using the supplier list captured in Table 2 above.

Unlike other studies (Chainey et al. 2008, Armstrong et al. 1999, Boulos et al. 2006),
it was not deemed necessary to apply a geographic masking technique to preserve
anonymity and confidentiality to either the booked or searched ride data. The

coordinates used in the data are genuine and have not been displaced from the original

location in any deliberate manner.

4.1.2 Booked Ride Data

The first data set needed to be massaged to correspond to the study area defined for
this thesis. As the data set originally contained all booked rides for every |||
destination, data for every supplier except those operating in London, Paris and St.
Petersburg needed to be excluded. Accordingly, just over 76% of the original
records were removed during this phase. Furthermore, an additional 1% of the
booking data was removed. This 1% was made up of test bookings, bookings with
missing coordinate data and - bookings that did not take place in London. (-
provides
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service throughout the United Kingdom, so those rides taking place outside of London

were excluded.)

The sum of booked rides for all three cities is [ and individually there have been
- booked rides in London, - booked rides in Paris and - booked rides in
St. Petersburg.

4.1.3 Searched Ride Data
The second data set required a considerable amount of manual processing to get the
data fit for analysis. The original data set consisted of - records, of which

- applied to Paris, - applied to St. Petersburg and a whopping -
applied to London.

Once split into the respective cities, the data needed to be combed further to eliminate
unnecessary data. Some examples of data that needed to be removed include price
page updates, offer comparison records, actual booking data, data from test booking
channels, duplicate data and erroneous data. These categories are discussed in further

detail below.

Price page updates are run automatically every week for the purpose of updating the

“example rates” page of the - website _
I O comparison records are those generated in-house

by users of the offer comparison tool. This tool allows users to find all the suppliers

offering service from point A to point B and shows the net supplier rate for the fare.

All booked rides were also included in the searched ride data set. As the booked rides
are already being considered in the first data set, they were removed. This was
fortunately a straightforward operation, because the data included the genuine
booking numbers for booked rides. Any piece of data with a genuine booking number
was taken away. In the searched ride data, there was also data from test booking
channels such as “apitest” and “developer”. These are channels used expressly by the
- Development/Tech Team to evaluate and review new APIs or version

releases, for example.
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Duplicate data is an additional category of data that needed to be stripped away. For
example, if you are looking for a ride from A to B in Paris and there are five unique
offers, this shows up as five unique lines in the data. I am only interested in the search
itself not all of the offers generated. If the duplicate records were not removed here,
one route with ten offers would carry the same weight in the data as ten routes with
one offer each. A majority of these duplicate data lines were removed by Lehto in the
data preparation, however not all were removed. The remainder had to be manually

extracted.

Finally, erroneous data also had to be removed. The biggest example from this
category occurred in the London data with searches made through a specific channel,
which repeatedly assigned the same erroneous coordinates (51.502922, 0.053314) for
customer origin and destination points. If the channel could not find the location from
the text field entered by the customer, it automatically set the coorindates to London
City Airport (51.502922,0.053314). This presence of this error was verified through
discussions with the Development Team and through looking at the data to see a

definite mismatch the textual input for the data and the coordinates selected.

All of the data categories above are either not genuine customer inquiries or are
fundamentally flawed and if used would introduce error to the analysis. For these

reasons, they have been removed from the final data set used in the analysis.

In the end, when all of the unnecessary data was stripped away, I was left with -
total searched rides. Of these, there were [JJjj in London, i in Paris and ||}
in St. Petersburg. Accordingly, just over 56% of the original London records, 26% of
the original Paris records and 58% of the original St. Petersburg records were

removed during the searched ride data processing phase.

Additionally, within the searched ride data, London was a bit of a special case. This is
because of one supplier, -, who provides service throughout the entire United
Kingdom. As such, all records where the origin or destination did not have anything
to do with London needed to be removed. To achieve this as efficiently as possible, |
defined a coordinate grid around the London metropolitan area. Any piece of data

whose start or end point lay within this grid was considered to be a part of London for

the purpose of the ensuing data analysis. Any data whose start or end point that was not
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within this grid was removed. The grid was user defined and extends 52N, 51S, .50E
and -.80W. Defining this grid help to structure the data processing and made it proceed

more seamlessly.

4.1.4 Data Notes

Cleaning up data is a common practice in GIS so that the researcher is left with a solid
core for analysis. In Grubesic’s analysis of sex offender clusters in the state of Illinois,
he removed nearly 60% of the records originally obtained from the Illinois State Police

Sex Offender Information web site (Grubesic 2010).

While removing unnecessary data is essential, it is important to walk a fine line and not
eliminate too much data. Scholars warn against this practice especially with respect to
one’s attribute data. They note that it is very easy to remove attribute data, however
once the attribute data has been removed it is quite difficult to add again. The booked
and searched ride data was processed with these above considerations in mind to guide

the process and achieve an optimal result.

4.2 Methods

The data was split up into four distinct sets of data for each city, including;

a. Booking origin data

b. Booking destination data

c. Searched ride origin data

d. Searched ride destination data
Once the data was imported into ArcGIS, it was subjected to the Point Density tool
within the Spatial Analyst toolbox. For the first data set analyzed for each city — booked
origin data — the suggested settings for cell size and radius were used. In the output
layer, the data was displayed with a one-third standard deviation. To enable equal
comparison between all four visualizations of the same city, the same cell size, radius
and class breaks were used. All of the output shapefiles have been added to a personal
geodatabase created specifically for this project and the naming structure of the files
was kept well organized for ease of use in the future. With respect to the map output,
the standard considerations for work product were used, including legend, title, north

arrow, sources, scale bar, labeling and more.
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Processing the data for was the most intensive and time-consuming aspect of this thesis.
The methods used were more straightforward and light when compared to the heaviness

of the initial data processing.
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S.RESULTS

Using the materials and methods outlined above, four point density analyses per city
were created. This means that the finished library of work has yielded four maps each
for London, Paris and St. Petersburg. For the booked ride data, two point density
maps were created, one each for the origin and the destination data. This was
replicated with the searched ride data with one point density map for both the origin
and the destination data. All of the output maps can be found in Figures 7-18, located

in this section.

5.1 Booked Ride Data
The point density of the booked ride data for all three cities was not surprising. The

observed clustering pattern for both the origin and destination data matched my
expectations. For example, in London, the highest point densities were observed
around London Heathrow Airport, central London and London Gatwick Airport. To a
lesser extent there was also activity around both London Stansted and Luton airports,
which are major transportation hubs. The same was observed in Paris, with the
highest densities observed at Charles du Gaulle Airport, Orly Airport and Paris city
center. In the St. Petersburg case, the clustering was observed at the Finlyandsky
Railway Station, Pulkovo Airport and St. Petersburg city center. These results match

existing tabular statistics - has on these destinations.

5.2 Searched Ride Data

When looking at the searched ride data results, it is necessary to go back to the
original hypothesis that was stated at the beginning of the thesis. I postulated there,
“that each city has hotspots that customers are interested in booking but current
pricing inhibits these bookings from being made.” 1 was ideally looking for the data
to point to specific routes in each city that need to be enhanced. The observations did
not match the expected outcome, and each city actually behaved quite differently
from one another. Although the expected outcome was not achieved, this ended up

being an excellent result because the observation showed a diverse spectrum of city

behavior within the - network.

Below, I discuss the results for each of the three cities in further detail. In this thesis, I
have been systematically presenting the city order alphabetically (London, Paris, St.
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Petersburg). However, due to the nature of the results, I will now present in order of
complexity, starting with the least complex case (St. Petersburg), followed by an

intermediate example (Paris) and ending with the most complex (London).

5.2.1 St. Petersburg

Of the three cities in this case study, the observed clustering in both the booked and
searched ride data differed the least in St. Petersburg. In this city, the booked ride
count actually exceeded the searched ride count — the only city within this case study
to exhibit this particular characteristic. St. Petersburg has a very good conversion rate
in the |l network and offers are most often turning into actual bookings. From
the clustering that was observed, there are not any significant observations of routes
being searched but not booked. The booked ride data and the searched ride data match
up quite well. In St. Petersburg, the pricing situation is quite healthy and in line with
customer expectations for the market. The situation for St. Petersburg is ideal and it is
in ]l best interest to have other cities performing this way to maximize

volumes and profit.

5.2.2 Paris

The situation in Paris was quite different than what was observed in St. Petersburg.
That being said, the observations in Paris were exactly in line with what I was
originally expecting to see in each of these cities. There is a clearly defined mismatch
between the booked ride data and the searched ride data and there are quite a few
areas that are being searched but not booked. I discussed these results with
stakeholders in the - Supply Team and I came up with a list of key areas that
need to be analyzed and considered in further detail. The list has been included below

in Table 3.

27



5
6

I

Table 3 — Top areas in Paris to be analyzed further based on the point density results.

5.2.3 London

The results of the London point density analysis were the most complex, but at the
same time richest of the three cities in this case study. The differences between the
booked ride data and the searched ride data were enormous and there are a staggering
amount of searches being made that are not converting over to actual bookings.
However, because there was so much data, it was much more difficult to hone in on
small, specific areas as was possible in the Parisian case. In London I am left with the
following observations/areas to be investigated in further detail. First, the central core

of London is frequently booked, however there are significant searches around that

central core that are not converting to bookings. Additionally, ||l and [

BN - creas of concern along with [N I I

_ and - The data also gives a good indication of the overall London
catchment area, extending as far north as _ and less significantly, as far

north as ||| Gz

Although not as expected, the results of the three cities yielded extremely valuable
data spanning a diverse spectrum of city performance within the [JJjjjjjjj network.
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Figure 17. Point density map for all searched rides by origin in St. Petersburg from
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6. DISCUSSION

6.1 Outcome
As was stated, the results of this thesis did not match the initial expectations. I

projected that I would be able to find specific routes/transfers to be improved in every
city of the case study. In the end, Paris was the only city that behaved according to my
expectations. I was initially upset with this outcome, however once I thought about
and discussed the results in more detail, [ came to realize how rich the offering

actually was. The results of this analysis yield a model of city behavior within the

- network.

Starting with St. Petersburg, there was no significant mismatch between the booked
and searched ride data. This is not a bad thing, quite the contrary; St. Petersburg is
behaving as a “model” city. To maximize volumes and profits, all cities need to be
analyzed and unlocked, with the goal of having their data behave more like St.

Petersburg, e.g. low degrees of mismatch between booked and searched ride data.

Within this model of city behavior, Paris performed right down the middle as an
intermediate case. It is not yet a “model” city like St. Petersburg, nor is it extremely
complex like the third actor in the model, London. As an intermediate city, there are
clear and significant areas of mismatch between the booked and searched ride data.
Some top areas in need of additional attention can be identified and these usually
present themselves in the form of specific routes. Most enhancements should be able

to be obtained through the network of existing suppliers.

Finally, London yielded quite a complex set of data and can be placed at the advanced
end of the - network model. There are significant incidents of mismatch
between the booked and searched ride data. However, the area is so big and the
dataset is so large that it is not possible to pinpoint individual routes for enhancement.
Instead, broader areas that need improvements can be identified. Some of these
enhancements can be achieved with existing suppliers in the network; however,
recruitment of additional supply will be necessary to make the city a better performer

in terms of profit and volume.
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The results did not match the hypothesis, but they did yield a fantastic model of city
types within the - network: ideal, needs improvement and critical attention

required.

6.2 Key Recommendations
A number of key recommendations can be given based on the results of this analysis.

With respect to St. Petersburg, there is not anything specific that needs to take place,
however, it is important to highlight that this is a “model” city. St. Petersburg is the
benchmark for other cities and it should periodically be analyzed to ensure it is still

having ideal performance.

In terms of key recommendations, Paris has quite a few specific routes to be unlocked

and analyzed. As stated in the table in the results section, the key areas to be looked

afer in Paris incluce | NN, . I
T —————]

While not possible to make recommendations on specific areas/routes in London, it is

possible to name broader areas that need to be addressed. These have also been

previously listed. They include ||| | | Qb NN . .
-, _, _ and - While it is certainly a viable option

to reach out and engage with current suppliers, I strongly believe it will be necessary
to get new suppliers on board who can fully support the demands and needs of these
areas. Additionally, ||l and [ jvst started a major ground
transportation project in the UK, so these recommendations should be flagged to this
team so they can approach any new suppliers matching these destination profiles.
Another key recommendation with respect to London concerns the overall analysis of
the data. In this case, it was quite heavy to interpret, so I would suggest breaking
down the data for analysis into more sizable chunks for any of these “complex” cities

going forward.

6.3 Data Concerns

One of the most time consuming and manual components of this thesis was stripping
out London specific searched ride data from the nationwide [Jjj records. To enhance
the situation going forward, a fundamental shift in the data reporting is called for.
Right now, the data is presented at the supplier level with some indication of the
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the data, it would have been extremely easy to only pull the data from the London
based - products, for example, instead of having everything lumped together as

they were in this exercise.

As mentioned previously in section 4.1.3., there were some difficulties working with
the searched ride data as well as a result of the unique offers being made for each

search. The duplicate data needed to be manually stripped away in these instances.

I have some small but lingering concerns about the overall legitimacy of the London
searched ride data, particularly with respect to the erroneous data that had to be
removed because of the London City Airport coordinate errors. First, I would like to
make it clear that it was the best decision for this project was to remove the erroneous
data given concerns about time management. If it had been left as is, the volumes to
and from London City Airport would have looked much larger and more significant
than they were. However, the proper way to make the data more robust and whole
would have been by assigning the correct coordinates to the origin or the destination
as needed. This would have been extremely time consuming to manually go through
the 1000s of records, however it is one way to ensure a stronger set of data even if it
is unknown how many of these records actually have something to do with London

and would have been used in the final analysis in the end.

6.4 Future Work
Based on the results of this project, I believe that the case for spatial analysis within

- has been adequately displayed and there is strong potential for future spatial
analysis work. However, if - has the desire to replicate this analysis in other
destinations or in the same destinations at a future date, some improvements with the
data structure are called for, the main issues of which have been outlined above.
Making these adjustments will significantly speed up the time necessary to perform

this type of analysis.

Additionally, this type of work is time consuming and resource intensive, so any of
the work needs to be carefully and strategically planned. Considering current
resources, it would not make sense for a project of this scope to be performed on each
and every destination. As such, future work in this area should run alongside the
major goals of
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the company to yield the best results. For example, if it is quarter one and the main
trade and airline focus will be on Germany during quarter two, it would be well
within the company strategy to orchestrate an analysis on the main German cities to
guide supply and pricing decisions that will support the upcoming company goals.
Projects of this scope do require careful planning and a certain idea of where the

future demands will be concentrated.

Other items to consider with respect to future work include the period of time and the
city profile model. In the analysis done here, the time frame runs from _
through _ In the future, should the entire data set again be considered or
only a few months? Was there a major incident and if so, should the analysis look at
the situation before and after this incident? As the analysis is potentially rolled out to
other cities, does the city profile model suggested here remain intact or does it need to

be adjusted to include a fourth, fifth or sixth profile type?

In the end, even though the thesis itself felt quite heavy and cumbersome, the
resulting spatial analysis was quite rewarding. I am looking forward to driving the key

recommendations further within the organization to enact change and positively affect

the _ growth.
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